Abstract : This paper investigates the effects of spatial autocorrelation structures in low resolution data on downscaling without ground measurements or secondary data, as well as the potential of geostatistical downscaling. An advanced geostatistical downscaling scheme applied in this paper consists of two analytical steps: the estimation of the point-support spatial autocorrelation structure by variogram deconvolution and the application of area-to-point kriging. Point kriging of block data without variogram deconvolution is also applied for a comparison purpose. Experiments using two low resolution thematic maps derived from remote sensing data showing very different spatial patterns are carried out to discuss the objectives. From the experiments, it is demonstrated that the advanced geostatistical downscaling scheme can generate the downscaling results that well preserve overall patterns of original low resolution data and also satisfy the coherence property, regardless of spatial patterns in input low resolution data. Point kriging of block data can produce the downscaling result compatible to that by area-to-point kriging when the spatial continuity in block data is strong. If heterogeneous local variations are dominant in input block data, the treatment of the low resolution data as point data cannot generate the reliable downscaling result, and this simplification should not be applied to donwscaling.
Introduction
A scale conversion or change of support problem has been regarded as one of main issues in spatial data analysis (Atkinson and Tate, 2000; Gotway and Young, 2002) . The spatial data analysis including remote sensing data processing usually deals with various types of data with different spatial resolutions. For example, ground measurements provide high resolution point information, and regional or global information for various quantities can be provided by various remote sensing data. In spatial data modeling, the disparate data sets should be integrated not only within a unified framework, but also at a predefined target resolution.
For the integrated analysis of data sets with different spatial resolutions, the simplest and usual way is first to aggregate high resolution data to the coarsest resolution data, and then to analyze these upscaled low resolution data sets. This unspcaling or -625-
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Maps on Geostatistical Downscaling aggregation procedure, however, inevitably includes loss of information to be provided by the original high resolution data. Another way is to transform low resolution data to high resolution data, so called downscaling or super-resolution mapping. The simplest way of downscaling is to force the low resolution data to be the high resolution data through interpolation or simple assignment. In this approach, the low resolution data are implicitly treated as point data, and then interpolation methods are applied to their respective centroid points for downscaling.
In relation to downscaling, it should be noted that downscaling is regarded as an under-determined inverse problem (Boucher and Kyriakidis, 2005) , in that there are multiple combinations of high resolution attribute values that can lead to the same aggregate values at a coarser resolution. This problem, also called the ecological inference problem (Young and Gotway, 2007) , is illustrated in Fig. 1 . In Fig. 1 Vol.27, No.6, 2011 -626- value at the second donwscaling case is 0.31 and the linear relationship is greatly weakened, compared to the correlation coefficient value of 0.97 at the coarse resolution. From the illustration in Fig. 1 , one can see that the statistical relationships between spatial data sets at a finer resolution may be different than those derived at the original coarse resolution. As a result, the traditional simple downscaling scheme, which cannot account for the spatial arrangement, may result in unrealistic modeling results.
Since the 2000s, several statistical downscaling schemes have been proposed and applied to many research fields such as hydrology, meteorology, and remote sensing (Harris and Foufoula-Georgiou, 2001; Tatem et al., 2001; Kaheil et al., 2008; Kim and Park, 2010; Hur et al., 2011 , Jia et al., 2011 . Besides these statistical approaches, geostatistics can provide a theoretical framework to account for the resolution difference between input data and target units (Journel and Huijbregts, 1978 
Geostatistical downscaling
In this section, the main geostatistical downscaling scheme adopted in this paper is briefly described, as synthesized from Kyriakidis (2004) and Goovaerts (2008) .
Area-to-point kriging applied in this paper is a kriging algorithm that aims at predicting attribute values at a finer resolution from block or areal data available at a coarse resolution (Kyriakidis, 2004) .
Suppose a study area of interest consists of K block 
where l k (u p ) is a kriging weight assigned to the neighboring block data z(u k ) at a prediction location.
Like a traditional ordinary kriging system, the kriging weight l k (u p ) and the Lagrange multiplier m(u p ) are computed by solving the following equation (2).
where
covariance and block-to-point covariance,
respectively.
The computation of the block-to-block and blockto-point covariances in equation (2) is critical to determine the kriging weights. In this study, these two covariances are calculated by averaging point covariances (Journel and Huijbregts, 1978; Goovaerts, 2008 (Goovaerts, 2008) . Kaheil et al.(2008) To solve this practical issue, Goovaerts(2008) proposed an iterative deconvolution procedure for estimating the point-support variogram from block or areal data irrespective of their shapes. His approach was further refined and combined to area-to-point
Poisson kriging for both the filtering of areal disease rate data and the fine resolution mapping of the areal data (Goovaerts, 2006 (Goovaerts, , 2009 (Journel and Huijbregts, 1978) , is computed after defining an initial point-support variogram.
Then, the regularized variogram model is compared with the variogram model of the block data. By inspecting the difference between those two models, the point-support variogram is modified to minimize the difference (Goovaerts, 2008) . These procedure is
repeated until a stop criteria is satisfied.
An interesting property of area-to-point kriging is its ability of reproduction of the values of available block data, when upscaled, also called the coherence property (Kyriakidis, 2004) . Unlike Kaheil et al.(2008) where a ratio bias remover was adopted as an additional processing step, the coherence property can be satisfied without further processing step if the prediction units are the same as a set of points discretizing the block data, and both the point and block data are used for the kriging kriging system in equations (1) and (2).
Experiment

1) Data
To illustrate the practical issues for geostatistical downscaling, experiments using two different data sets are carried out. The data sets include SRTM DEM data at the 90m resolution and MODIS LAI data at the 1km resolution (Fig. 2) . These data sets 
2) Point-support varigram estimation results
Prior to implementing area-to-point kriging, the point-support variogram was first estimated through variogram deconvolution. By considering the target resolution, each block or pixel of the two data sets was discretized by 36 36 points for the SRMT DEM and 16 16 points for the MODIS LAI.
Variogram deconvolution was implemented using the The Effects of Spatial Patterns in Low Resolution Thematic Maps on Geostatistical Downscaling
-629- SpaceStat software(BioMedware, USA). model (Journel and Huijbregts, 1978) . In this case, it is expected that the downscaling result by point kriging of the centroid values of blocks would be very similar to that by area-to-point kriging.
The point-support variogram model for the MODIS LAI has a higher sill value than the variogram of the block data, since point data tend to have a larger variance than the aggregated blocks (Goovaerts, 2008) great. This result confirms that the effect of the block averages would be greatest for data which are spatially uncorrelated (Isaaks and Srivastava, 1989, p.465) .
3) Downscaling results
After -630- (Fig. 5 (c)), whereas the area-to-point kriging result perfectly satisfies the coherence property as shown in Fig. 5 (d) .
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Concluding Remarks
Since data sets obtained at the different resolutions are commonly used in spatial data analysis, scale conversion is often carried out for the consistent analysis. In this paper, the geostatistical downscaling Regardless of the patterns of input block data, it is expected that area-to-point kriging, which can account explicitly for the support differences, would be an effective downscaling method.
2. If input block data had the strong continuity or long range of autocorrelation(e.g. the SRTM DEM data in this experiment), the point-support variogram model was very similar to that of block data, and thus, the application of traditional point kriging to centroid points after treating block data as point data could generate the downscaling result similar to that by area-to-point kriging. 
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